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Federated learning with implicit stochastic gradient descent optimization

DOU Yonggan'?, YUAN Xiaotong'”

(1. School of Automation, Nanjing University of Information Science and Technology, Nanjing 210044, China; 2. Jiangsu Key
Laboratory of Big Data Analysis Technology, Nanjing 210044, China)

Abstract: Federated learning is a distributed machine learning paradigm. The central server trains an optimal global
model by collaborating with numerous remote devices. Presently, there are two key challenges faced by federated learn-
ing: system and statistical heterogeneities. Herein, we mainly focus on the slow convergence of the global model or
when it even fails to converge due to system and statistical heterogeneities. We propose a federated learning optimiza-
tion algorithm based on implicit stochastic gradient descent optimization, which is different from the traditional method
of updating in federated learning. We use the locally uploaded model parameters to approximate the average global
gradient and to avoid solving the first-order and update the global model parameter via gradient descent. This is per-
formed so that the global model can achieve faster and more stable convergence results with fewer communication
rounds. In the experiment, different levels of heterogeneous settings were simulated. The proposed algorithm shows con-
siderably faster and more stable convergence behavior than FedAvg and FedProx. In the premise of the same conver-
gence results, the experimental results show that the proposed method reduces the number of communication rounds by
approximately 50% compared with Fedprox in highly heterogeneous synthetic datasets. This considerably improves the
stability and robustness of federated learning.

Keywords: federated learning; distributed machine learning; central server; global model; implicit stochastic gradient
descent; statistical heterogeneity; systems heterogeneity; optimization algorithm; faster convergence

WA EH: 2021-06-18. B 4% tH AR H B3 2021-12-14. VT BBAESR ) B TR ) 24, AMER T

e R =2 . Al 2 5 — < 2 S
R o (A LB o e AT R s, IR 7 LA T e AR i

BIEVEE : %05 /%. E-mail: xtyuan1980@gmail.com. FH 2 B A e 2 g ) 403k i B SRR I S A 4y


https://doi.org/10.11992/tis.202106029
mailto:xtyuan1980@gmail.com

T S I % T WU BHLBR FE T W (R AL % >

%34

BRSSP sA Tk b, P 8 A AE R RA 1Y
BRI A2 A L el 78 O B B RA T £ T i
TTHLARF BRI 25, 1k N TR e B &35
55 AR R —Fh Pk %

R T L3 [ RA BRI U B Ak ke, [ s I X
ST [R) 43 A B 12, Google Bl 2% %K Mcema-
han 2" $ K FR 2% > (federated learning), i 11 B
PR R i R A A 2R A E DR A FH P s B RL R T
PN —A 5 T ) 2 Jm A

Hut BRI I B e 2 @, o
Je, BANBEA CPUL GPU, ISP, Hiith DA K W) 45 % 122
(3G.4G. 5G, WIFI)" S5 i {2 53 9 B 4 ] 47
TEAR KRG it o A2 G Bk B 5 > 7 i Fe-
dAvg" 7E HI 5 Bt 7] P45 95 A5 I 2 5 T 4 18 % T B
Lo, XAE PG B RN O, IR B T KA
IR BEIR . HOR, B A 1 B0 o A A
FFAEAR KA 22 5210, B 180 46 10 B 2 AR 1k 5 [ 4
A7 1Y (non-1ID ) , 33X A& K4 1 S A M o A W] 1Y S5 44
IR 5% B A A I SRRk R 22 AR K, 2 ek
o XL RGN FEAGPE G R 2% S ok T
KEPEAK

A X S ) [R]85 ) A AR A BR ik
R A R B X R S R PR B Y . B AN 3
Hk [4-6] $& i T AT i & A S 58— il 2, B
SRAE SR B s PR rh i SR B T AR, {02
XA BB IR R R AT AT Y . X AR A
T MR 55 A v aE A R, i B 2 S EOR I 2R 1k
ot W FEALA I . AT Ty vk 38 e S S A b A ok
fiff R BB S AR M G TR R B Y T B 2R
PR3P P BB RA R AT . AEIBR IR, SCHR [9]
i 3 7 R 45 A v i 1 2 T B i ik 4% FEDYOGI
SR hnpe S A B s 0 58 vh 4 SR AR I SIS, X R
SRER T TR Y WSS B, (RIS T TR S5 AR Y
THE R, TEARMIFA IR T A RIS, 1
A1, A 5T R B A ik p A s A U, 7
M FE SRR T, 5 FedAvg A Eb ik 2 AH [RDRS
JETR U 7B AR AL, B T B AR RO, X
FEXGIN T % P v A b () 3105 5

B TR S, B2 5EIR UG E P
ity ) BE A 7E 25 7, X BOR &S MIAEFEAR R &
Ge SR i FESCER [12-15] T, S TR
SRR R B R I S I s R, TR A
SRy I A B B A 5 7 X ] FedAve'! —#E, 7

B B[R] 1P, B 55 B R 58 I 2R i i 4%
HEEF, AR EERRIIGHMBI S, &
Z 5 YN 2N REARTE A A {41 g 7E A Hh Bk

TP AR B A L T AR, Bk= [ TR T .

TE ff PRI 2 2] S v 0y R) L, SRR A1k
Y S 7 ATz M TS, AL v RIGE 15 A A
ML 27 2 U0 B 2 2 Hp O S A R A
Wt AT AR AL AE B ER_E 5 A i 1E Ak A [R], H:
o SCHR [18] H 25 A I 1 4k A9 5 i X6 FedAvg
HATHE B S8k, #H FedProx, i i 4 i 1F W fk
IR ABFAVBE A 27 2T 1A AR Mo A 700 o 23 F 4 R i
A, I RIFS S 5 2R 015 55 FE A g A T ] A8 2K
HIYTAE, 72 A s s it 7 e s ARk . /e
T FedProx 7EHLAk 4 JR 5 1 S Hw i} Fil FedAvg J7
SARTA], 38 o 87 B34S o b AL (B R S 0k B
A B S8, T e R BRI S R 1 SR
Z B2 /A S

/N ST AL B 4 ot T AL B &
ASCEE T ST R R AL BT AR R A T
2 ) Bk, TR A R AR T T B Bl A i AR AR L 29
PR b RS TR BT BRI 20K T A R BL R, AE 2 R
TEE A SR B B3 o SR e S DL 4 R A BE, R RS 2
TR R B A AR R SR S S I 4 SR AR A
RE NS 7 5 /0 ()38 A5 FR ECT 38 21 P A2 i i sk
EE
ASCH BTk EEARIAELLT 3 4N J7 1
1) B FEAMHE, NEX 2R S5
AT B3, TR AR ALR & B B, ok A H
A 1A PRSI S BOR K 1 F 4 4 R Bk B, (R
P 0 e £ SRl — B A

2) XA e By 4 m A I Sg 2
Tk U S In) 8, X0 T BRAT B BRI 2 ) Bk,
AR B TR BB BE T B AL R 2= )
Ak, 38 I B K R B BT I ok T 4 Ry T
B, fie b5 fiff 4 Jm) B 1Y 2 550 S B o v A8 TR
AT AT DAAE A B A8 T 550 ¢ 5T DR 289 7 i 85
M

3) FELA W TAEFH b, AR SR A 78 & B 57
Fa) 1 A BCECHE 4R b, 30 %8 25 4 B AT LA ik 3 Fe-
dAvg ISR, 40 % 4247 AT LUK 2] FedProx (1Y
WS R o FEAR RS SROR AR T, A SO 5
i It FedProx W/ T 3% 50% 8 5 E 4L

1 % P -k 45 5 Y B A6 5% =] B AR A

W 27 > SR AR T2 A P S 55 4
Lo AEx SE TR A . PR R -
I 55 i AT 2 > BB A o Il Rid B £
P B B« A A 7R B I B A 4 SR AL 2R 5 B
Bro HARSEF SR mE 1 PR,



17 4% B OB A

S 1 < 490 «

Y PRI E

ii&ge e )
{10, (s 10, T 10, - [Dwi' 11

P AR L HT
. :

For eacl i€ kin parallel do
.., Edo

[[wi" T]=Enc[[w{"]]
w!=Dec[[w']]

P k

B1 ERAR-RSB|EKIBFIRMY

Fig.1 Federated learning architecture of client and server
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Fig.2 Analysis of experimental results of synthetic datasets
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Fig. 3 Analysis of experimental results of realistic federated datasets
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Table 4 Average test accuracy of each algorithm in

highlyheterogeneous environment %

YIS FedAvg FedProx AR SRR
Synthetic_1_1 723 76.1 77.4
MNIST 76.7 81.4 86.4
EMNIST 50.4 68.1 68.3
Sent140 57.0 69.4 69.5
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